Although several biomarkers have been proposed to predict the response of patients with lung adenocarcinoma (LUAD) to immune checkpoint blockade (ICB) therapy, existing challenges such as test platform uniformity, cutoff value definition, and low frequencies restrict their effective clinical application. Here, we attempted to use deep neural networks (DNNs) based on somatic mutations to predict the clinical benefit of ICB to LUAD patients undergoing immunotherapy. We used DNNs to train and validate the predictive model in three cohorts. Kaplan-Meier estimates determined the overall survival (OS) and progression-free survival (PFS) between specific subgroups. Then, we performed a relevant analysis on the multiple-dimension data types including immune cell infiltration, programmed death receptor 1 ligand (PD-L1) expression, and tumor mutational burden (TMB) from cohorts of LUAD public database and immunotherapeutic patients. Two classification groups (C1 and C2) in the training and two validation sets were identified for the efficacy of ICB via the DNN algorithm. Patients in C1 showed remarkably long OS and PFS to programmed death 1 (PD-1) inhibitors. The C1 group was significantly associated with increased expression of immune cell infiltration, immune checkpoints, activated T-effectors, and interferon gamma signature. C1 group also exhibited significantly higher TMB, neoantigens, transversion, or transition than the C2 group. This work provides novel insights that classification of DNNs using somatic mutations in LUAD could serve as a potentially predictive approach in developing a strategy for anti-PD-1/PD-L1 immunotherapy.
Introduction
After approval by the Food and Drug Administration (FDA), immune checkpoint blockades (ICBs), including programmed death receptor 1 (PD-1) or its ligand (PD-L1), have noticeably become the standard therapy used in patients with advanced non-small-cell lung cancer (NSCLC). 1, 2 However, only~20% of patients with lung cancer respond to ICBs. 3 Several biomarkers, such as tumor-infiltrating lymphocytes (TILs), 4, 5 PD-L1 expression, 6, 7 gene expression profile (GEP), 8 tumor mutational burden (TMB), 9 high microsatellite instability (MSI-H), and neoantigen counts, 10, 11 have been proposed to predict the response of patients to ICBs. However, these predictors have some deficiencies. For example, the optimal cutoff values of TMB and PD-L1 expression are not unified and cannot completely predict patient response. It is therefore urgent to develop clinically practical tools to identify the patients most likely to derive clinical benefit from ICB therapy.
A large number of somatic mutations are present in lung cancer patients. Heterogeneity caused by different somatic mutations determines the therapeutic strategy in lung adenocarcinoma (LUAD). Distinct subsets of LUAD with oncogenic drivers, such as EGFR mutation, can inform the appropriate EGFR-TKI treatment. However, patients with EGFR or STK11 mutations, or those with ALK or ROS1 variants respond inadequately to ICBs. 12 Some genomic mutations of low frequency, such as MDM2 may be associated with hyperprogressive disease (HPD). 13 On the contrary, KRAS, POLE and TP53 mutations are promising factors in predicting anti-PD-1/PD-L1 immunotherapy responses. Moreover, different co-mutations such as KP (KRAS and TP53) or KL (KRAS and STK11), present a high-and low-response to PD-1/PD-L1 blockade in LUAD. 14, 15 Co-mutations in DDR pathways suggest favorable clinical outcomes of ICB treatment for LUAD. 16 The activation of specific oncogenic pathways (TP53, EGFR, STK11, and mutations of DDR) affects immune-related gene expression and the immune tumor microenvironment (TME).
Whole-exome sequencing (WES) and targeted next-generation sequencing (NGS) are becoming increasingly routine. Large scale somatic mutation profiling of tumors is feasible. 17 However, the above-mentioned genomic mutations are not completely correlated with ICB therapy responses, and it is challenging to solve the problem using conventional statistical methods. Recently, deep neural networks (DNNs) have gained attention as a new technique for realizing artificial intelligence. Deep learning is useful for not only high-performance image recognition tasks, but also to extract features from large gene expression profiles, including those of mRNA, DNA methylation, and microRNA profiles. 18, 19 The deep learning features were significantly associated with prognosis. Therefore, we speculated that DNNs trained using comprehensive somatic mutations could be used to make a robust classification system to identifying patients with advanced LUAD who might show a favorable response to ICBs.
In our study, the DNNs based on somatic mutations from results of WES and NGS were developed and validated in three cohorts of ICB therapy. To systematically illustrate the potential mechanism of DNN classification (C1 and C2) and to identify immune durable clinical benefit (DCB) or no durable benefit (NDB) in LUAD, we describe an integrative analysis that incorporates CD8 T-cell infiltration, intratumor PD-L1 expression, TMB, and neoantigen counts in large independent cohorts from LUAD repository database analysis. Significantly, the anti-PD-1/PD-L1 therapies are likely effective in the DNN-classified C1 group but not C2 group, and provide new insights into the somatic mutations that guide immunotherapy.
Materials and methods

Immunotherapeutic patients
Our study had been approved by the institutional review board (IRB) and conducted in accordance with the Declaration of Helsinki. Investigators obtained written consent from the patients in each dataset. Clinical and mutation data for 179 patients with advanced LUAD were retrieved from cbioPortal (https://www.cbioportal.org/study/summary? id=nsclc_pd1_msk_2018). Patients were treated with anti-PD -1/PD-L1 or in combination with anti-cytotoxic T-cell lymphocyte 4 (anti-CTLA4) therapies from April 2011 to January 2017 at MSKCC. 20 Tumor samples used for MSK-IMPACT testing were collected before immunotherapy treatment and analyzed by targeted NGS or WES. MSK-IMPACT sequencing was performed as previously described. 17 A thoracic radiologist used Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1 to estimate immunotherapy response. The durable clinical benefit (DCB) of immunotherapy was defined as complete response (CR), partial response (PR), or stable disease (SD) that lasted ≥ 6 months, and the no durable benefit (NDB) was defined as either SD that lasted < 6 months or progressive disease (PD). Progression-free survival (PFS) was calculated from the date the patient began immunotherapy to the date of confirmation of progression. Overall survival (OS) was assessed from the treatment start date. Patients who did not die were counted at the date of the last contact.
Another cohort (Van Allen) comprised of tumor samples from 47 LUAD patients was collected the Broad Institute. 10 All of these patients were treated with anti-PD-1 therapy. WES molecular profiling of LUAD tumors was performed as described above. The immunotherapy response was assessed by RECIST. Clinical information of the cohorts is provided in Supplementary Table S1 . The MSKCC cohort (n = 179) treated with anti-PD-1/PD-L1 therapy was divided into two sets: the training set (n = 143) and the validation set (n = 36).
The second immunotherapy cohort (Van Allen) was considered as the second validation set (n = 47).
Data sources
The Cancer Genome Atlas (TCGA), Broad and TSP cohorts were retrieved from an online data repository (https://www. cbioportal.org). The WES dataset of the TCGA cohort included a total of 510 patients with mRNA expression profiling and somatic mutation data. In addition, 510 patients had a TMB record from cbioportal. The predictive neoantigen information was derived from the Cancer Immunome Atlas (https://tcia.at/home). The experimental procedures for DNA and RNA extraction from tumors, library preparation, sequencing, quality control, and subsequent data processing were previously published by TCGA. The TSP cohort recruited 163 patients with whole-genome sequencing analysis (WGS). Source DNAs were extracted from primary LUAD tumors and adjacent healthy tissue. The Broad cohort contained 183 LUAD and matched healthy tissues, with detailed information on the TMB and mutation spectrum. All WES and WGS were performed on an Illumina HiSeq platform. The clinical data from three clinical cohorts that were not treated with ICBs are provided in Supplementary Table S1 .
Tumor mutational burden
TMB was estimated as the total non-synonymous mutation count in the coding regions. To explore the association between predicted DCB and TMB, TMB was classified into high or low based on the optimal cutoff values in a receiver operating characteristic (ROC) curve analysis. The maximum Youden index was used to determine the best values.
The mutation spectrum for each tumor sample from Broad and TCGA cohorts was computed as the frequency of six single nucleotide changes (T > C, T > G, T > A, C > A, C > G, C > T) among all single-nucleotide substitutions. The most frequent mutational signatures were C > T transitions and C > A transversions.
Immune tumor microenvironment analysis
The Cell-type Identification by Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) algorithm, which characterizes cell composition of complex tissues using gene expression profiles (GEP), was used in the TCGA cohort (http:// cibersort.stanford.edu) 21 to assess immune cell infiltration. The Hugo symbol from the TCGA-LUAD contained a total of 20,531 gene probes. The mRNA expression from cBioPortal was quantified by RSEM (RNAseq by expectationmaximization). The first step was to prepare the gene expressing files (GEF) of TCGA-LUAD for the analysis. All input GEF was in tab-delimited format, with no double-quote marks and no repeated gene names. In our study, the GEF was transformed into mixture file. An input matrix of reference gene expression signatures, which consisted of 547 Hugo symbols to estimate the relative proportions of 22 human immune cells (shown in Supplementary Table S2 ), was then prepared. Finally, a phenotype class file was made, consisting of target class comparisons between the various samples. The three files were uploaded to the CIBERSORT web tool, and the results were downloaded (https://cibersort.stanford.edu/ download.php).
Immunophenoscore
The immunophenogram was developed to predict anti-PD-1/ PD-L1 therapy responses in pan-cancer. 22 We used the immunophenogram to calculate the immunophenoscore (IPS) between the four types (CTLA4_negative + PD-1_negative, CTLA4_positive + PD-1_negative, CTLA4_negative + PD-1_ positive, CTLA4_positive + PD-1_positive) from the TCGA-LUAD database. A high PD1_positive IPS indicates a wellpredicted response of anti-PD-1/PD-L1 therapy. The mRNA expression data of RSEM were transformed as log 2 (TPM + 1) using R software. The red color in the outer position of the wheel represented positive Z score, and the blue color represented a negative Z score. Then, the weighted averaged Z score was computed by averaging the Z scores within the respective category, generating four values. The weight of the Z scores was shown in gray color. The IPS ranged from 0 to 10. The implementation of the R code is available at GitHub (https://github.com/Mayer/C-imed/Immunophenogram).
Deep neural network
The deep learning model flowchart and architecture of deep neural networks were showed in Figure 1 (a,b). The deep neural network (DNN) that we built in our study consisted of an input layer, two hidden layers, a dropout layer, and an output layer. The input layer consisted of 100 neurons, corresponding to the 100 features of somatic mutations from the training set ( Supplementary Table S3 ). One somatic mutation was considered as a feature. As an input vector, the hidden layer had two layers, with 256 and 128 neurons, respectively. The dropout layer was used as a simple way to prevent neural networks from overfitting in the training process. The output layer consisted of two neurons, corresponding to the number of categories of target variables (DCB and NDB) for the training set. Finally, a softmax function was created to solve multiple classification problems. In this model, the neuron activation function we selected was the rectified linear units (RELU) function: f(x) = max (0, x). The loss function was defined as the cross-entropy:
where y represents the real value classification and a represents the predicted value. The iterative optimizer selects the stochastic gradient descent (SGD). The connection weights and biases of the initial layers were randomly generated. To ensure coverage of the entire data for adequate training, the learning rate and the number of max epochs were set to 0.0001 and 3000, respectively. In order to avoid the occurrence of overfitting in the DNN model, we selected the 23 important somatic mutations in the training process and developed a DNNs model by these choosing mutational genes ( Supplementary Table S3 ). Our implementation was based on the TensorFlow library in PYTHON (3.6.3, Guido van Rossum, Netherlands). The experiment was performed in a Windows environment with a 2.6 GHz Intel Xeon Processor E5-2640V3 CPU, GPU NVIDIA Pascal Titan X, and 128 GB of RAM. Plots depicting performance of training and validation process used TensorBoard, which was normalized with a smoothing factor of 0.6 to visualize trends. The underlying program codes have been applied in the Supplementary materials.
Statistical analyzes
All statistical analyzes were performed using R statistical software (https://www. r-project.org/, version 3.5.1) and GraphPad Prism (version 7.0, LaJolla, CA). The heatmap used to depict the mean difference of immune-related genes between the two subclassifications (C1 and C2) in the TCGA cohort was generated with the "pheatmap" package. Scatter dot and box plots indicate median and 95% confidence intervals (CI). The Mann-Whitney U test was used to determine the differences between the two groups. Receiver operating characteristic (ROC) curves were plotted using the "pROC" package. Comparison of the area under the curve (AUC) was performed using the bootstrap method (n = 2000), as described in a previous study. 23 Survival analysis was estimated using Kaplan-Meier curves, and the P value was determined by a log-rank test. Univariate and multivariate analysis of PFS and OS were performed by "rms" package. P-values were adjusted for multiple testing using the Benjamini and Hochberg false discovery rate (FDR) approach. A P value of < 0.05 was considered statistically significant.
Results
DNNs based on somatic mutations can predict the clinical benefit of immunotherapy
By analyzing the somatic mutations from the sequencing data in the training set (MSKCC) and two validation sets (MSKCC and VAN ALLEN database) using DNNs, we identified that two distinct subgroups, C1 (n = 55, 19 and 15, respectively) and C2 (n = 88, 17 and 32, respectively), were significantly correlated with therapeutic effects (DCB and NDB) ( Figure 2(a,b) ). TP53, STK11, EGFR and KMT2D mutations were significantly with C1 and C2 groups in DNNs model ( Supplementary FigureS1 ). We used ROC analysis to assess the predicted value of different variables, including TP53, KRAS, STK11, and EGFR mutations, TMB, and C1 vs. C2 (Figure 2(c Table S4 ). Although we did not find any difference in the prediction of immunotherapy benefits between the TMB and DNN classifications in the VAN ALLEN validation set, the differences were remarkable between the training set and the MSKCC validation set. The DNNs significantly surpass the single driver mutations in their ability to predict immune responses ( Supplementary Table S4 ). Meanwhile, we analyzed the DNNs classification in the subgroup of EGFR wild-type (n = 190) and EGFR mutation (n = 36) patients. The ROC curves of C1 vs. C2 showed 0.889 (0.838-0.940) AUC in EGFR wild-type (P < 0.0001), and showed 0.859 (0.601-1.000) AUC in EGFR mutation (P = 0.020). We found the DNNs classification in the patients (MSKCC cohort, n=179) underwent several lines of systematic therapy was robust. The ROC curve of C1 vs. C2 showed 0.891 (0.774-1.000) AUC in first line (P < 0.0001), and showed 0.874 (0.793-0.955) AUC in second line (P < 0.0001), and showed 0.903 (0.762-1.000) AUC after second line (P = 0.0003). We determined that most patients with DCB were enriched in the C1 subgroup, and patients from the C2 subgroup showed poor response (NDB) to immunotherapy in the training cohort. These findings were further verified in the two validation sets (Figure 2d ). In the combination of two cohorts (MSKCC and VAN ALLEN, n=226), univariate analyzes revealed the TMB and DNNs were associated with DCB ( Supplementary Table S5 ). There is a significant difference between the DNN approach and a multivariate model that incorporates TMB/STK11/KRAS/ STK11/EGFR (+PDL1) (P < 0.0001 and P = 0.034) Figure 1 . The deep learning model flowchart and architecture of deep neural networks. a, The DNN model based on the tensorflow was developed in the training cohort (MSKCC, n = 143), and were validated in the two cohorts (MSKCC, n = 36; VAN ALLEN, n = 47). The cohorts of predicting ICB response using DNN model were specifically divided into C1 and C2 groups. The performance of DNN was compared with different models and the associations between C1/C2 group and expression of immune cell infiltration, immune checkpoints, TMB and neoantigen were analyzed in the MSKCC, TSP, TCGA and broad cohorts; b, The DNN that we built in our study consisted of an input layer, two hidden layers, a dropout layer, and an output layer. One somatic mutation was thought as a feature. The hidden layer showed two layers, with 256 and 128 neurons, respectively. The two classification tasks include DCB and NDB. Abbreviations: DNN, deep neural network; MSKCC, Memorial Sloan Kettering Cancer Center; ICB, immune checkpoint blockade; TCGA, The Cancer Genome Atlas; DCB, durable clinical benefit; NDB, no durable benefit. e1734156-4
( Supplementary Table S6 ). The DNN model showed higher AUC and lower AIC than other two models ( Supplementary Fig. S2-3 ).
Compared to the C2 group in the training set with anti-PD-1/ PD-L1 therapy, the C1 sub-group of DNNs exhibited a longer median OS (mOS: NR vs 9.00 months) and PFS (mPFS: 9.60 vs 2.10 months) [P < .0001, HR = 0.341 (0.216 − 0.540) and < 0.0001, HR = 0.270 (0.189 − 0.385), respectively] (Figure 3(a) ). Similar results were also verified in the two validation sets (MSKCC and VAN ALLEN) (Figure 3(b,c) ). Univariate analysis of other clinical factors, such as fraction of copy number-altered genome (FGA), treatment, and therapy type, were significantly associated with PFS or OS in whole cohorts (MSKCC) ( Supplementary Table. S7 and S8). Additionally, multivariate Cox regression analysis revealed that the C1 group from DNN classifications was an Figure 2 . Performance of predicted clinical benefits from immunotherapy based on somatic mutations in the training and validation cohorts created using TensorBoard. a, Accuracy was analyzed for DCB versus NDB in the training and validation sets. b, Cross-entropy loss was plotted against training in the two cohorts. c, The area under the ROC curves were performed for predicting clinical benefits from immunotherapy using TP53 MUTversus TP53 WT, KRAS MUT versus KRAS WT, STK11 MUT versus STK11 WT, EGFR MUT versus EGFR WT, High-TMB versus Low-TMB and C1 versus C2. d, The correlation between two classifications of DNN (C1 and C2) and benefits (DCB and NDB). Abbreviations: DCB, durable clinical benefit; NDB, no durable benefit; ROC, receiver operating characteristic; MUT, mutation; WT, wild type; TMB, tumor mutation burden; DNN, deep neural network.
independent predictor of prognosis in anti-PD-1/PD-L1 therapy ( Supplementary Table S7 and S8).
The C1 group facilitates favorable immune-cell infiltration and IFNγ-associated gene signature
Based on DNN analysis, the independent TCGA-LUAD cohort (n = 510) with both WES and RNAseq data were classified into two subgroups (C1, n = 176; C2, n = 334). We first investigated the association between the C1 subgroup and TME by determining the expression levels of immune-related mRNAs in the 22 types of immune cells. We found that the mRNA signatures involved in the inflammatory response and the IFNγ pathway were significantly enriched in the C1 group (Figure 4(a) ). Among the immunerelated genes of the TCGA-LUAD database, CD8A, CD3D, and CD4 were significantly upregulated in the C1 subgroup (P < .0001 for each) (Figure 4(b) ). Genes related to the activated T-effector and IFNγ pathways, such as STAT1, CCL4, CXCL9, CXCL10, TBX21, and IFNG, were also prominently upregulated (each P < .0001) (Figure 4(b) ) ( Supplementary Fig. S4 ). Using CIBERSORT analysis, the relative abundance of the 22 immune cell types in each tumor sample was analyzed (Figure 4(c) ). We found that the C1 subgroup exhibited more tumor infiltrating CD8 + CTLs (P < .0001) (Figure 4(d) ). Similarly, the number of activated NK cells and M1 macrophages was significantly higher in the C1 subgroup (P = .005, 0.0001, respectively) ( Figure 4(d) ). These cells possibly contributed to an increase in the anti-tumor immune response. The number of M2 macrophages was significantly higher in the C2 subgroup (P = .0028), which may be associated with the negative response to anti-PD-1 therapy (Figure 4(d) ). We also found that the number of memory B cells, activated dendritic cells, resting mast cells, and monocytes were significantly higher in the C2 subgroup (P = .0023, 0.0021, 0.0001, and 0012, respectively) ( Supplementary Fig. S5 ). Conversely, memory activated CD4 + T cell numbers were higher in the C1 subgroup than in the C2 subgroup (P < .0001) ( Supplementary Fig. S5 ). 
Correlation between two classifications of DNNs and PD-L1 expression, immunophenoscore
We evaluated the RNA-Seq expression data from TCGA-LUAD and investigated the correlation between the two classifications and PD-L1 expression. The mean mRNA expression of immune checkpoints, such as PD-1, PD-L1, PD-L2, LAG3, VTCN1, IDO1, and TIM3 were enriched in the C1 group (Figure 5(a) ). The C1 also group had significantly higher PD-L1 mRNA expression (P < .0001) ( Figure 5(b) ). We also analyzed other immune checkpoints (PD-1, LAG3, CD40, CD80, and TIM3) and found that the expression of these genes was also significantly elevated (each P < .0001) in the C1 group ( Supplementary Fig. S6-7) . Reverse phase protein array (RPPA) analysis from the TCGA cohort revealed higher PD-L1 expression in the C1 group (P < .0001) ( Figure 5(b) ). However, in the C1 sub-group, PD-1 and CTLA4 expression (RPPA analysis) was not increased in patients with LUAD (P = .494 and 0.838, respectively) ( Supplementary Fig. S8 ). Using the PD-L1 immunohistochemistry (IHC) scores from the MSKCC cohort, we further confirmed that the C1 group showed significantly higher PD-L1 expression (P < .0001) ( Figure 5(b) ). Figure 5 . Association between the C1 and C2 groups for PD-L1 expression and IPS in patients withLUAD. a, Heatmap representation of differences in mRNA expression levels of immune inhibitory checkpoint related genes. b, Comparison of the mRNA or protein expression levels between the C1 and C2 groups from the TCGA and MSKCC cohorts. c, Different IPSs were calculated using immunophenograms in three patients from the TCGA cohort. d, IPS comparison between C1 and C2 groups in LUAD patients in the CTLA4 negative/positive or PD-1 negative/positive groups. CTLA4_positive or PD1_positive represented anti-CTLA4 or anti-PD-1/PD-L1 therapy, respectively. e, Kaplan-Meier survival curves of OS and DFS comparing the C1 and C2 groups in LUAD patients from TCGA. Abbreviations: TCGA, The Cancer Genome Atlas; MSKCC, Memorial Sloan Kettering Cancer Center; IPS, immunophenoscore; CTLA4, cytotoxic T-lymphocyte-associated protein 4; PD-1, programmed death receptor 1; OS, overall survival; DFS, disease-free survival; LUAD, lung adenocarcinoma.
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To determine the capacity of DNNs to predict the response to anti-PD-1/PD-L1 therapy, we used immunophenogram analysis to investigate the correlation between immunophenoscore (IPS) and C1/C2 groups (Figure 5(c) ). We found that in the CTLA4_negative + PD-1_negative type, the C1 group exhibited lower IPS than the C2 group (P = .006) ( Figure 5  (d) ). Interestingly, in the CTLA4_negative + PD-1_positive and CTLA4_positive + PD-1_positive types, the C1 group IPS was significantly higher in the TCGA-LUAD cohort (both P < .0001) ( Figure 5(d) ). These results indicated that patients from the C1 group showed a higher positive response to anti-PD-1/PD-L1 therapy or a combination of anti-PD-1/PD-L1 and anti-CTLA4 therapies. We analyzed the correlation between the two classifications of DNNs and OS/disease free survival (DFS) in the TCGA-LUAD cohorts undergoing tumor resection, chemotherapy, or radiation therapy, and no immunotherapy. There was no difference in OS and DFS between the C1 and C2 sub-groups [P = .527, HR = 1.117 (0.785-1.589) and 0.832, HR = 1.040 (0.719-1.502), respectively] (Figure 5(e) ).
C1 and C2 groups show distinct tumor mutation burdens and mutation spectrum
Although somatic mutations develop in both TMB and DNNs, as detected by WES, WGS or NGS, the correlation between DNNs and TMB in patients with LUAD is unclear. We used three independent cohorts to validate our hypothesis. Because of the TMB caused by non-synonymous mutations/non-silent mutations, we compared the non-synonymous mutations with two classifications (C1, n = 75, 52 and 176; C2, n = 108, 111 and 334, respectively). The C1 sub-group exhibited significantly more non-synonymous mutations than the C2 group did in the Broad, TSP, and TCGA cohorts (each P < .0001) ( Figure 6(a) ). We also found that the C1 group had more neoantigen counts than the C2 group in the LUAD cohort (P = .0005), which would contribute to an enhanced immune response to anti-PD-1/PD-L1 therapy (Figure 6(a) ).
We further analyzed the variable characteristics of the four bases (A, T, C, and G) in somatic mutations from the C1 group. After examining transversions (T > A, C > G, C > A, and T > G) and transitions (T > C and C > T) from the Broad and TCGA-LUAD cohorts, the counts of both transversions and transitions in the C1 group were remarkably higher than those in the C2 group (each P < .0001) ( Figure 6(b) ). The mutation spectrum status was also investigated in the two cohorts. We found that the increasing frequency of C > A transversions was significantly associated with the C1 sub-group and high mutation counts in the Broad cohort ( Figure 6(c) ). However, the decreasing C > T frequency and high mutation counts were significantly correlated the C1 sub-group. This result was further confirmed in the TCGA-LUAD cohort (Figure 6(d) ). The ratio of transversions and transitions (Tv/Ti) is unclear between the two DNN classifications. We calculated the ratio for each sample in both Broad and TCGA cohorts and observed that the C1 group had higher Tv/Ti ratios (both P < .0001, respectively) ( Figure 6(c,d) ).
Discussion
In this study, we demonstrated that two somatic mutation-based DNN classifications, C1 and C2 sub-groups, were potentially associated with the DCB and NDB of anti-PD-1/PD-L1 therapy in patients with LUAD. In 5 independent cohorts, we found the frequency distribution of C1/C2 in the IO-cohort and the non-IO cohort was not different ( Supplementary Fig. S9 ). The C1 group was significantly associated with favorable immune cell infiltration, higher TMB, increased PD-L1 expression, and higher IPS and immune-related gene expression, indicating a positive TME for ICBs. We also found that the C1 group had a better OS and PFS than the C2 group in patients from three cohorts undergoing ICB therapy. These results suggest that DNNs can be a novel tool to effectively identify a subset of patients that would benefit from immunotherapy.
Several studies have reported the use of sequencing techniques (WES, WGS, and NGS) for tumor analysis, predicting therapeutic effects, and prognosis. [24] [25] [26] However, most studies, especially in immunotherapy, focuses on a single gene or a few genes, making it challenging to realize the predictive value of significant somatic mutations for patient response undergoing anti-PD-1/PD-L1 therapy. In our study, we did not find a positive immunotherapy response prediction in the four driver mutations (TP53, KRAS, STK11, and EGFR). This indicated the weak predictive abilities of single gene mutations in different cohorts, possibly because of tumor heterogeneity. To date, most studies have used WES, WGS, or NGS to quantify TMB in various cancers. TMB was calculated using the accumulation of somatic mutations, and high TMB was prominently correlated with high response to immunotherapy. [27] [28] [29] [30] Unfortunately, the cutoff value of high TMB is difficult to define because patients with high TMB are relatively few. Therefore, in our study, we described the first series to test the utility of DNNs trained by somatic mutations derived from targeted NGS or WES to determine response or resistance to anti-PD-1/PD-L1 therapy in patients with advanced LUAD. We found the DNN classifications (C1 and C2) could precisely predict the DCB and NDB in LUAD. Importantly, our method does not require a cutoff value. This indicates that the novel algorithm was easy-to-use and can potentially identify the LUAD patient population that can be effectively treated with immunotherapy.
Based on the presence or absence of PD-L1 expression and CD8+ CTLs, tumors can be classified into four different types. TME immune type I means the tumors showed high PD-L1 expression and the presence of CD8+ CTLs in the microenvironment. Anti-PD-1/PD-L1 therapy is beneficial in these tumor types. 31, 32 KEYNOTE-010 results confirmed that high PD-L1 expression serves as a useful biomarker for anti-PD-1/ PD-L1 therapy with pembrolizumab in patients with advanced non-small-cell lung cancer. 33 In our study, we investigated the association between DNN classification, immune cell infiltration, and PD-L1 expression. As expected, the C1 group showed a significantly higher number of CD8+ T cells and PD-L1 expression than the C2 group did. Consistent with previous studies, M1 cells were positively associated with the C1 sub-group, whereas M2 cells were negatively associated with the C1 sub-group. 34 The polarization of M2 macrophages may be related to primary drug resistance in immunotherapy. This imbalance of M1/M2 macrophages might also determine the clinical outcome of anti-PD-1/PD-L1 therapy. Additionally, the C1 subgroup showed higher expression of other immune checkpoints (PD-1, LAG3, and TIM3) than the C2 subgroup. These results, when compared to previous reports, demonstrated that the C1 group could be considered the inflamed phenotype and the C2 group could be considered a mixture of immune-excluded and immune-desert phenotypes. 35 An association between the C1 and C2 subgroups and IPS is a quantitative indicator for immunotherapy. The C1 group showed excellent responses for anti-PD-1 therapy but not for anti-CTLA4 therapy. These results, however, will need to be further verified in the future.
Recent studies showed that the TP53, KRAS, STK11, and EGFR mutations exhibited distinct TMB. 36 Co-mutations in the DDR pathways also exhibit higher TMB and neoantigens than the wild-type DDR. Therefore, we analyzed the DNNs based on the somatic mutations and found that the C1 group Figure 6 . The C1 and C2 groups exhibited different tumor antigenicities by transforming the mutational profile of tumors. a, The tumor mutation burden and neoantigen counts were analyzed using the Broad and TCGA cohorts. b, The transversion and transition counts were compared between C1 and C2 group in the Broad and TCGA cohorts. c, Heatmap showing the integrated relationship between the mutation spectrum, mutation burden and C1/C2 sub-groups from analysis of the Broad cohort. The proportion of Tv/Ti was compared between the C1 and C2 groups. d, Heatmap showing the integrated relationship between the mutation spectrum, mutation burden and C1/C2 sub-groups from analysis of the TCGA cohort. The ratio of Tv/Ti was also compared between the C1 and C2 groups. Abbreviations: TCGA, The Cancer Genome Atlas; Tv, Transversion; Ti, Transition. e1734156-10 exhibited significantly higher non-synonymous mutations and neoantigens in three independent cohorts. This result indicated that the DNN multi-gene panel had a strong influence on the TMB. Moreover, the C1 group showed more counts of transversion and transition in the TCGA and Broad cohorts than the C2 group. Mutational spectrum analysis suggested that the C1 group had higher A > C transversion counts and the transversion/transition ratio than the C2 group did. Combining the TMB and GEP findings, the C1 group of DNNs presented both high TMB and intense inflammatory factors, providing a stronger predictive value for therapeutic outcomes. 37, 38 The C1 group also presented better OS and PFS than the C2 group in the three cohorts undergoing anti-PD-1/PD-L1 therapy. However, those two DNN classifications were not associated with the prognosis of patients who were not treated with ICBs from the TCGA cohort. Therefore, we found this model of DNNs to be suitable for identifying patients with ICBs.
Our study had several limitations. First, the sample size was relatively small and could be considered a pilot study.To prevent neural networks from overfitting in the training process, the dropout layer was used as a simple way in our DNN and we have selected an optimization model after several training processes to reduce the occurrence of overfitting as possible. Although the results might not be prone to completely overfitting phenomenon in the validation cohorts, large samples in the training set were effective to avoid the overfitting of the DNN model and it would be necessary to collect more data of Immune Checkpoint Blockade (ICB) in the future to further optimize model and improve the practicability. Second, each somatic mutation might have similar or different characteristics and have a specific influence on immunotherapy. Relevant somatic mutations for predicting the ICB response still need to be studied. Third, more sequencing data must be tested and copy number variations applied to analyze the future predictive value.
In conclusion, this study suggests that the classification of DNNs based on somatic mutations provides a robust predictive method to identify patients who may benefit from anti-PD-1/PD-L1 therapy. The DNNs could be used as a predictive tool for ICBs through a significant association between the two classifications and TMB, neoantigen counts, PD-L1 expression, and immune cell infiltration. We strongly believe that the novel findings described in this study could help to refine new anticancer immunotherapy strategies. To more clearly understand the multi-gene panel of DNNs as a predictive biomarker for immunotherapy, a thorough investigation of the underlying molecular mechanisms and pathways should be performed in the future. 
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